BACTERIA are organisms that reproduce clonally, but they occasionally exchange fragments of DNA with one another. This process can lead to two outcomes, nonhomologous and homologous recombination ([@bib53]). Nonhomologous recombination occurs when a novel segment of DNA from the donor cell is inserted into the genome of the recipient cell. On the other hand, homologous recombination happens when the DNA from the donor cell replaces its homologous counterpart in the genome of the recipient cell. In this study we are concerned only with the "core" genome of regions present in all sampled genomes ([@bib43]), and therefore only homologous recombination is relevant. Foreign DNA can be taken up by the recipient cell through one of three mechanisms: conjugation (transfer of DNA from one cell to another when they are in physical contact), transduction (bacteriophage-mediated DNA transfer), or transformation (uptake of DNA from the environment by the recipient cell) ([@bib51]). In homologous recombination, the recipient cell then replaces the homologous section of its DNA with the foreign DNA segment.

A first concept that has helped researchers to appreciate the role of recombination in bacteria is linkage disequilibrium (LD) or the nonrandom association of alleles at different loci ([@bib40]). LD between a pair of sites is expected to decrease as more and more recombination events affect exclusively one or the other site, so that LD is a function of the distance between pairs of sites. In bacteria on average LD decreases down to a plateau level when pairs of sites are considered that are farther and farther away from each other on the genome, and this is often represented graphically (*e.g.*, [@bib45]; [@bib50]). Another important concept is homoplasy, which is said to occur when given a known tree, a site could not have arisen without either recombination or repeat mutation ([@bib39]; [@bib38]). The probability of a site being homoplasic increases with the number of recombination events affecting the site. For this reason, homoplasy is commonly used as an indicator of the prevalence of recombination (*e.g.*, [@bib46]; [@bib29]). A related notion is incompatibility between pairs of sites \[also known as the four-gamete test (G4)\], which occurs when two sites cannot be explained by a shared phylogenetic tree without either recombination or repeat mutation ([@bib31]; [@bib38]). Incompatibility between pairs of sites is often used to identify recombination events (*e.g.*, [@bib50]; [@bib61]).

Recombination plays a key role in shaping the patterns of all these summary statistics, but they are also crucially affected by other factors, which makes them difficult to interpret. This includes the population structure underlying the relationships between the individuals under study ([@bib41]; [@bib56]), and this effect is likely to be especially important in bacteria because of their clonal mode of reproduction. Another factor likely to be important in bacterial population genetics is biased recombination, which we define in contrast to free recombination where all individuals in the population are equally likely to recombine. There are many factors contributing to recombination being biased rather than free. Laboratory experiments have shown that the recombination process is homology dependent so that it tends to happen more often between individuals that are less diverged ([@bib48]; [@bib62]; [@bib35]; [@bib34]). Furthermore, the geographical and ecological structures observed in many bacterial populations imply a greater opportunity of recombination for pairs of cells that are closely related ([@bib22]; [@bib34]; [@bib7]; [@bib12]). Purifying selection may also effectively prevent recombination between distantly related bacteria. All these effects would clearly be hard to disentangle, and here we group them all under the single concept of biased recombination. The strength of this bias is an important factor to take into account to understand recombination in bacteria. In particular, this determines how often recombination happens within the diversity of the population under study rather than from other sources. Such recombination events from external sources would strongly affect LD, but have little or no effect on homoplasy and G4 since they introduce what is in effect new polymorphism from the viewpoint of the studied population.

Here we introduce a new statistical framework for inferring the recombination parameters, including the rate of bias in recombination, from a sample of bacterial genomes. Our starting point is an evolutionary model of free recombination that describes the ancestral recombination process given the clonal relationships in the sample. We show how this can easily be extended to allow recombination to be biased. We describe how data can be efficiently simulated under the model, which is crucial to allow the use of approximate Bayesian computation (ABC) techniques ([@bib47]; [@bib3]) to estimate parameters. We use informative summary statistics about the recombination process such as LD, homoplasy, and G4 to infer parameters. Applications are presented on simulated data sets as well as on a real data set of *Bacillus cereus* genomes.

Model and Methods {#s1}
=================

Free recombination model {#s2}
------------------------

The process of homologous recombination in bacteria is asymmetric in terms of the genetic contributions made by donor and recipient cells, since typically a small segment of DNA from the donor in the order of a few hundreds or thousands of nucleotides in length is incorporated into the genome of the recipient that is much longer ([@bib12]). This asymmetry contrasts with the well-studied mechanism of crossing over in eukaryotic sexual reproduction where the two parents contribute equally. Consequently, it is possible to consider the (potentially empty) set of genomic sites that have not been affected by recombination since a sample of isolates evolved from a common ancestor, and the ancestral relationships between the isolates at these sites is called the clonal genealogy ([@bib27]). Alternatively, the clonal genealogy of a set of isolates can be defined as the ancestral tree obtained by tracing the ancestry of the isolates back in time and following the ancestral line of the recipient cell (rather than the donor cell) whenever a recombination event occurred.

The coalescent model with gene conversion describes the ancestry of a bacterial sample subject to homologous recombination ([@bib59]; [@bib60]; [@bib41]; [@bib15]). A useful approximation of this process is the ClonalOrigin model ([@bib16]), where given the clonal genealogy the recombinant lines of ancestry are assumed to be independent of each other. This means that given the clonal genealogy the recombinant lines of ancestry are not allowed to recombine and are allowed to coalesce only with the clonal genealogy. Consequently, the clonal and recombination processes can be separated. Here, however, we exploit another property of this model, namely the fact that it has a simple Markovian structure along the genome, similar to that of the sequentially Markov coalescent in approximating the crossing-over ancestral recombination graph ([@bib42]; [@bib36]). Given the clonal genealogy this allows for the simulation of pairs of sites at a given physical distance from each other on the genome. As both LD and G4 are defined for pairs of sites, we use this Markovian property of the model to simulate these summary statistics in a computationally efficient manner. A formal description of this model follows, and the mathematical symbols used are summarized in [Table 1](#t1){ref-type="table"}.

###### List of symbols

  Symbol                                      Description
  ------------------------------------------- -----------------------------------------------------------------------------------------------------
  Symbols used for the data                   
  *A*                                         Aligned sequence data
  *L*                                         Total length of the alignment
  *B*                                         No. blocks in the alignment
  *W~i~*                                      *i*th summary statistic of data
  Symbols used for the clonal genealogy       
  $\mathcal{T}$                               Clonal genealogy
  *T*                                         Sum of branch lengths of the clonal genealogy
  Symbols used for the recombination events   
  *R*~1~                                      No. recombination events affecting the first site
  $R_{2}^{\star}$                             No. recombination events affecting the first site that survive to the second site
  $R_{2}^{\prime}$                            No. recombination events that start between the two sites and affect the second site
  *a~i~*                                      Where the ancestry of the donor meets the clonal genealogy for event *i* (departure point)
  *b~i~*                                      Where the transfer of the DNA fragment from donor to recipient occurs for event *i* (arrival point)
  *L*(*a~i~*, *b~i~*)                         Sum of branch lengths on the clonal genealogy between the departure and the arrival of event *i*
  *D*(*a~i~*, *b~i~*)                         Distance in coalescent unit of time between donor and recipient cells of event *i*
  Symbols used for the global parameters      
  *θ*/2                                       Rate of mutation on the branches of the clonal genealogy and the recombinant edges
  *θ*~s~/2                                    Per-site rate of mutation
  *ρ*/2                                       Rate of recombination on the branches of the clonal genealogy
  *ρ*~s~/2                                    Per-site rate of recombination
  *λ*                                         Rate of bias in the recombination process
  *δ*                                         Mean of the geometric distribution modeling the length of recombinant segments

In the ClonalOrigin model ([@bib16]), recombination events are independent of one another given the clonal genealogy and the total number of recombination events *R* given the total branch length of the clonal genealogy *T* and the population recombination rate *ρ* is Poisson distributed:$$\mathbf{P}\left( {\left. {R = r} \right|\rho,T} \right) = \frac{\left( {\rho T/\,2} \right)^{r}e^{- (\rho T/2)}}{r!}.$$Each recombination event *i* has four properties: the departure point on the clonal genealogy *a~i~* where the ancestry of the donor cell meets the clonal genealogy, the arrival point on the clonal genealogy *b~i~* where the recombination occurs, the site on the chromosome where recombination starts *x~i~*, and the site on the chromosome where recombination ends *y~i~*. [Figure 1](#fig1){ref-type="fig"} shows three recombinations with their arrival and departure points on the clonal genealogy. The three events have the same arrival points, but different departure points on the clonal genealogy.

![Illustration of the recombination model. Consider three recombination events arriving at points *b*~1~ = *b*~2~ = *b*~3~ and departing from points *a*~1~, *a*~2~, and *a*~3~ on the clonal genealogy. In the ClonalOrigin model (free recombination, Equation 2) these three departure points are equally likely because the sums of branch lengths between the times of each *b~i~* and *a~i~* are equal: *L*(*a*~1~, *b*~1~) = *L*(*a*~2~, *b*~2~) = *L*(*a*~3~, *b*~3~). The amount of evolutionary distance between the donor and recipient cells for the three recombination events is given by *D*(*a*~1~, *b*~1~) = 2*d*~1~, *D*(*a*~2~, *b*~2~) = 2*d*~2~, and *D*(*a*~3~, *b*~3~) = 2*d*~3~. In the biased recombination model (Equation 3), the probability of departing from *a*~1~ is higher than that from *a*~2~, which is higher than that from *a*~3~, because the amount of evolutionary distance between the donor and the recipient cells is increasing: *D*(*a*~1~, *b*~1~) \< *D*(*a*~2~, *b*~2~) \< *D*(*a*~3~, *b*~3~).](253fig1){#fig1}

The arrival points *b~i~* are uniformly distributed on the clonal genealogy as recombination happens at a constant rate on the branches of the clonal genealogy. A recombinant edge reconnects with the clonal genealogy at a rate equal to the number of ancestors in the clonal genealogy as in the standard coalescent model ([@bib33]). Thus *a~i~* conditional on *b~i~* is distributed as$$\mathbf{P}\left( {\left. {a_{i}\,} \right|b_{i},\mathcal{T}} \right) = e^{- L{({a_{i},b_{i}})}},$$where $\mathcal{T}$ is the clonal genealogy and *L*(*a~i~*, *b~i~*) is the sum of branch lengths on the clonal genealogy between the time of *a~i~* and *b~i~*. In addition we assume that the recombination events are uniformly distributed along the observed sequences and that their length is geometrically distributed with mean *δ*.

Extending the model to include biased recombination {#s3}
---------------------------------------------------

We extend the ClonalOrigin model to incorporate the bias in recombination and modify Equation 2 such that a recombinant edge coalesces with the clonal genealogy at a rate that depends on both the number of ancestors in the clonal genealogy and the amount of evolutionary distance between donor and recipient cells. Therefore we propose the following distribution for *a~i~*,$$\mathbf{P}\left( {\left. {a_{i}\,} \right|b_{i},\mathcal{T}} \right) \propto e^{- L{({a_{i},b_{i}})}} \times e^{- \lambda D{({a_{i},b_{i}})}},$$where *D*(*a~i~*, *b~i~*) is the evolutionary distance in coalescent unit of time between the donor and recipient cells for recombination *i* and *λ* is the strength of the recombination bias. Free recombination is nested in this model, as setting *λ* = 0 results in Equation 2. For values of *λ* greater than zero, we have that the probability of recombination decreases with the evolutionary distance between donor and recipient. [Figure 1](#fig1){ref-type="fig"} shows the relationship between *D*(*a~i~*, *b~i~*) and *L*(*a~i~*, *b~i~*) for three recombination events with the same arrival points, but three different departure points on the clonal genealogy. Under a free recombination model, the three recombination events would have the same probability because the sums of branch lengths of clonal genealogy between the arrival and departure points on the clonal genealogy are the same. However, the amount of evolutionary distance between the donor and recipient cells increases from recombination events 1 to 2 to 3. Thus in the model of biased recombination described by Equation 3 with *λ* \> 0, the probability of event 1 is more than that of event 2, which is more than that of event 3.

Simulating pairs of sites {#s4}
-------------------------

The sequentially Markovian property of our model allows us to simulate pairs of sites at a given physical distance from each other given the clonal genealogy. The simulation is done in three steps. First, we simulate recombination events affecting the first site and their properties. In the second step, we simulate recombination events affecting the second site. This includes some of the recombination events from the first site that are long enough to affect the second site and some new recombinations initiated between the two sites. In the third step the local trees for the two sites are computed and mutations are added.

The sequence data are made of *B* independent blocks with total length *L* and subject to mutation and recombination at population rates *θ* and *ρ*, respectively. A recombination event may start before a block and be long enough to affect the beginning of a block, so that the probability of observing the recombination start at the beginning of a block is *δ* times greater than within a block ([@bib11]). There are *B* sites at the beginning of blocks and *L* − *B* sites within blocks; thus the recombination rate per site is defined as *ρ*~s~ = *ρ*/(*δB* + *L* − *B*), and since mutation affects any site with equal probability, the mutation rate per site is *θ*~s~ = *θ*/*L* ([@bib16]).

Given the clonal genealogy $\mathcal{T}$, recombination rate per site *ρ~s~*, mean length of recombination tract *δ*, the rate of bias in recombination *λ*, the physical distance between the two sites on the chromosome *k*, and the mutation rate per site *θ*~s~, a pair of sites is simulated as follows:

1.  Simulate recombination events for the first site.a. We assume that recombinations start between nucleotides and that they are at least 1 nucleotide long. As the lengths of recombination events are geometrically distributed with mean *δ*, the rate at which a site *i* nucleotides before the first site initiates a recombination that survives to the first site is$$\frac{\rho_{\text{s}}}{2} \times \left( {1 - \delta^{- 1}} \right)^{i}.$$

    Summing over all sites before the first site, we get the expected rate of recombination affecting the first site:$${\sum\limits_{i = 0}^{\infty}{\frac{\rho_{\text{s}}}{2}\left( {1 - \delta^{- 1}} \right)^{i}}} = \frac{\rho_{\text{s}}}{2}{\sum\limits_{i = 0}^{\infty}\left( {1 - \delta^{- 1}} \right)^{i}} = \frac{\rho_{\text{s}}}{2}\delta.$$

    Therefore the number *R*~1~ of recombination events affecting the first site is Poisson distributed:$$\left. {R_{1}\,} \right|T,\rho_{\text{s}},\delta \sim \text{Poisson}\left( \frac{\rho_{\text{s}}\delta T}{2} \right).$$b. For each recombination event *i*, the arrival point on the clonal genealogy *b~i~* is uniformly distributed and the departure point *a~i~* is drawn from Equation 3. To simulate from Equation 3, we use rejection sampling where the proposal distribution is Equation 2 and the simulated *a~i~* is accepted with probability $e^{- \lambda D(a_{i},b_{i})}.$

2.  Simulate recombination events for the second site. Two types of recombination events can affect the second site. Some events affecting the first site may have survived to the second site and new recombinations could have started between the two sites and have survived to the second site.

    1.  a\. As the length of recombination events is geometrically distributed, the probability of a recombination that is affecting the first site to have survived to the second site is$$\mathbf{P}\left( \text{Survival} \right) = \left( {1 - \delta^{- 1}} \right)^{k}.$$

    Thus the number of recombination events $R_{2}^{\star}$ from the first site that survive to the second site is binomially distributed:$$R_{2}^{\star} \sim \text{Binomial}\left( {R_{1},\left( {1 - \delta^{- 1}} \right)^{k}} \right).$$

    6.  b\. The number of recombination events $R_{2}^{\prime}$ that start between the two sites and that affect the second site is distributed as$$\left. R_{2}^{\prime} \right|T,\rho_{\text{s}},\delta^{\prime} \sim \text{Poisson}\left( \frac{\rho_{\text{s}}\delta^{\prime}T}{2} \right)\text{,}\quad\text{where} \delta^{\prime} = {\sum\limits_{i = 0}^{k - 1}\left( {1 - \delta^{- 1}} \right)^{i}}.$$

    This is because there are only *k* positions between the two sites where recombination could have started.

    1.  c\. For each of the $R_{2}^{\prime}$ recombination events affecting the second but not the first site, the departure and arrival points on the clonal genealogy are simulated as detailed in step 1.

3.  For both sites, extract the local trees backward in time (from tips to root), given the clonal genealogy and the recombination events. Mutations are then simulated on these local trees as follows.

    g.  The number *M~j~* of mutations affecting the local tree at site *j* is distributed as$$\left. {M_{j}\,} \right|T_{j},\theta_{\text{s}} \sim \text{Poisson}\left( \frac{\theta_{\text{s}}T_{j}}{2} \right),$$

        1.  where *T~j~* is the total branch length of the local tree at site *j*.

    h.  We are interested in simulating polymorphic sites and Equation 7 only for plausible values of *θ*~s~ and *T~j~* leads to many nonpolymorphic sites. To remedy this problem, we use an importance sampling strategy ([@bib21]). A local tree is in the target distribution if Equation 7 leads to at least one mutation on that local tree. The proposal distribution is made of all local trees simulated by steps 1 and 2. Therefore the importance sampling weight is$$\begin{matrix}
        {w_{j} = \frac{\mathbf{P}\left( {\text{Local}\,\text{tree}\,\mathit{j}\,\text{is}\,\text{in}\,\text{the}\,\text{target}\,\text{distribution}} \right)}{\mathbf{P}\left( {\text{Local}\,\text{tree}\,\mathit{j}\,\text{is}\,\text{in}\,\text{the}\,\text{proposal}\,\text{distribution}} \right)}} \\
        {= \frac{\mathbf{P}\left( {M_{j} > 0} \right)}{1} = 1 - \mathbf{P}\left( {M_{j} = 0} \right) = 1 - e^{- (\theta_{\text{s}}T_{j}/2)}.} \\
        \end{matrix}$$

    The simulated local trees are importance sampled using the weights from Equation 8, and the number of mutations on the local tree is simulated from the truncated Poisson with one or more mutations.

    1.  c\. Mutations are uniformly distributed on the local trees. For simplicity we use the Jukes--Cantor model where all mutations are equally likely, but any mutation model could be used ([@bib58]).

Inference using whole genomes {#s5}
-----------------------------

Whole genomes can be compared using Mauve that detects and aligns the conserved genomic regions in the presence of rearrangements ([@bib9], [@bib10]). Given a core alignment *A* of whole bacterial genomes and the clonal genealogy $\mathcal{T}$ \[estimated, for example, using ClonalFrame ([@bib11])\], we want to infer the posterior density of the model parameters **P**(*ρ*~s~, *δ*, *λ*, *θ*~s~\|*A*, $\mathcal{T}$). However, due to the complexity of the model, the likelihood function is intractable and therefore we cannot use standard approaches such as a Markov chain Monte Carlo (MCMC). One solution would be to use data augmentation techniques as in [@bib16]. Instead here we use ABC ([@bib47]; [@bib3]), where the likelihood does not have to be computed, but simulation from the model has to be efficient. In effect, the likelihood is approximated through a distance metric on a set of informative summary statistics between the simulated and observed data. There are several implementations of the ABC algorithm (reviewed in [@bib2]; [@bib8]) and we have implemented and tested both ABC-MCMC ([@bib37]) and ABC-SMC (Sequential Monte Carlo; [@bib4]) approaches. The results presented used a parallel ABC-MCMC implementation where given the current chain state *θ~j~*, *n* states $\theta_{1}^{\prime},\ldots,\theta_{n}^{\prime}$ are proposed independently and for each one data $x_{1}^{\prime},\ldots,x_{n}^{\prime}$ are simulated in parallel (where *n* is the number of cores available). The proposed states and their simulated data are examined sequentially in the ABC-MCMC algorithm. For each rejected proposed state, the MCMC stays at *θ~j~*. If a proposed state $\theta_{i}^{\prime}$ is accepted, then the remaining proposed states $\theta_{i + 1}^{\prime},\ldots,\theta_{n}^{\prime}$ are discarded. If all proposed states are rejected, then the MCMC has stayed at *θ~j~* for *n* states and the process is repeated with a proposal of *n* new states. This parallelization scheme is similar to that of prefetching, which was developed for MCMC with known likelihood ([@bib5]).

Summary statistics and distance metric {#s6}
--------------------------------------

Since one of the parameters we need to infer is the mutation rate *θ*~s~, we included in the summary statistics the proportion of segregating sites *S* that is highly informative about this parameter ([@bib57]). To calculate *S* from the simulated data, Equation 8 was used, which gives the probability that a simulated site is polymorphic. The most widely used summary statistics that are informative about the recombination process are LD, homoplasy, and incompatibility between pairs of sites (meaning for biallelic sites, all four possible haplotypes are present, G4). To measure LD, *r*^2^ was used, which quantifies the amount of association between a pair of biallelic sites ([@bib30]). As *r*^2^ and G4 are distance dependent, for empirical data sets, we plot the mean of *r*^2^ and G4 against distance between the sites. [Figure 2](#fig2){ref-type="fig"} shows an example for a sample of 13 *B. cereus* whole genomes ([@bib16]). As summary statistics we choose three points on the LD and G4 plots that capture the decay and the constant part of the plots. These points are shown with blue circles in [Figure 2](#fig2){ref-type="fig"} and here correspond to pairs of sites at distances of 50, 200, and 2000 nucleotides from each other. These distances need to be chosen according to the *r*^2^ and G4 plots of the given empirical data set. Background LD can be affected by other factors than recombination such as genetic drift ([@bib19]), although these would not affect the variation in LD at different distances. To account for this, and since we are here interested in recombination, we used the differences in LD as summary statistics, *i.e.*, LD~100~ − LD~2000~ and LD~100~ − LD~200~. We also included as a summary statistic the proportion of homoplasic sites relative to the clonal genealogy and a new variable that we called clade homoplasy, which is calculated as follows: Given a clonal genealogy, it is divided into its two largest clades and for biallelic sites if both alleles are present in both clades, we say that the site is clade homoplasic. We introduce this new summary statistic as an indicator of the amount of recombination between the clades, which will be informative about the rate of bias in the recombination process.

![LD and G4 plots for 13 *Bacillus cereus* whole genomes, as a function of the distance between pairs of sites. LD decreases and G4 increases until they both plateau at ∼1000 bp. The blue circles indicate the three values of LD and G4 that were used as summary statistics in the inference procedure.](253fig2){#fig2}

In total, we therefore use eight summary statistics: the proportion of segregating sites, two distance-based differences in LD, three distance-based values of G4, one value for homoplasy, and one value for clade homoplasy. These summary statistics are compared between the observed and simulated data sets, using a metric equal to the sum of the squared normalized distances,$$\text{dist}\left( {x^{\prime},x} \right) = {\sum\limits_{i}\left( \frac{W_{i}\left( x^{\prime} \right) - W_{i}\left( x \right)}{W_{i}\left( x \right)} \right)^{2}},$$where *x*′ is the simulated data, *x* is the observed data, and *W~i~* is the *i*th summary statistic of the data.

Monte Carlo estimation of *r*/*m* {#s7}
---------------------------------

An important quantity in bacterial population genetics is the ratio *r*/*m* of rates at which nucleotides are substituted due to recombination and mutation ([@bib26]; [@bib54]). In our model this is equal to$$\begin{matrix}
{\frac{r}{m} = \frac{\left( {\text{Recombination}\,\text{rate}\,\text{per}\,\text{site}} \right) \times \mathbf{P}\left( {\left. {\text{substitution}\,} \right|\text{recombination}} \right)}{\left( {\text{Mutation}\,\text{rate}\,\text{per}\,\text{site}} \right)}} \\
{= \frac{\rho_{\text{s}}\delta \times \mathbf{P}\left( {\left. {\text{substitution}\,} \right|\text{recombination}} \right)}{\theta_{\text{s}}}.} \\
\end{matrix}$$Given a recombination on the clonal genealogy, the probability of a substitution being introduced due to the recombination event at the site is given by$$\mathbf{P}\left( {\left. {\text{substitution}\,} \right|\text{recombination}} \right) \approx \frac{\theta_{\text{s}}}{2}\mathbb{E}\left( D \right),$$Where $\mathbb{E}$(*D*) is the expected distance between the donor and recipient cells in a coalescent unit of time given a recombination event. Therefore for a given set of parameters, the probability of substitution given a recombination event is estimated using Equation 11 by simulating many recombination events on the clonal genealogy and computing the average distance between donors and recipients. Equation 10 is then used to estimate *r*/*m*. This Monte Carlo procedure is applied for each value of the parameters in the posterior sample to obtain a sample from the posterior distribution of *r*/*m*.

Results {#s8}
=======

Relationship between parameters and summary statistics {#s9}
------------------------------------------------------

We used simulated data to investigate the relationship between the model parameters and the summary statistics. A clonal genealogy with 15 taxa was simulated under the coalescent model ([Supporting Information](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-11.pdf), [Figure S1](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-4.pdf)) and the parameters *ρ*~s~ = 0.02, *δ* = 300, *λ* = 1.2, and *θ*~s~ = 0.05 were used, which represent reasonable values for a real bacterial population ([@bib23]; [@bib16]). We then changed one parameter at a time in the intervals *ρ*~s~ ∈ \[0, 0.4\], *δ* ∈ \[0, 4000\], *λ* ∈ \[0, 10\], *θ*~s~ ∈ \[0, 0.3\] and simulated the summary statistics to see how they varied with the parameters. For each parameter value, we simulated 2000 pairs of sites distant from each other by 50, 200, and 2000 bp.

[Figure 3](#fig3){ref-type="fig"} shows how the summary statistics change with the model parameters. *ρ*~s~, *δ*, and *λ* have a large influence on *r*^2^, G4, and homoplasies and a relatively small effect on the proportion of segregating sites *S*. On the other hand *θ*~s~ has little impact on *r*^2^, G4, and homoplasies, but it has a large influence on *S*. In the absence of recombination (*ρ*~s~ = 0) the differences in mean *r*^2^ are zero, which indicates *r*^2^ is independent of distance between pairs of sites. As *ρ*~s~ increases, the differences in mean *r*^2^ increase to a maximum, beyond which, as *ρ*~s~ increases, the differences in mean *r*^2^ decrease and for very high values of *ρ*~s~, the differences approach zero, which indicates *r*^2^ again becomes independent of distances between pairs of sites. Increasing *ρ*~s~ increases homoplasies and G4 up to a maximum beyond which the mean G4 and homoplasy slightly decrease. *δ* has a similar but nonidentical effect on *r*^2^, G4, and homoplasies. However, *λ* has the opposite effect on *r*^2^, G4, and homoplasies. This is because as *λ* increases, the effect of the recombination decreases as the donor cells tend to have a smaller evolutionary distance relative to the recipient cells and therefore local trees become more and more similar to the clonal genealogy. For extremely high values of *λ* this results in no differences in mean *r*^2^, no homoplasies, and zero incompatible pairs of sites (G4), which is similar to those observed in the absence of recombination. *θ*~s~ has the largest influence on the proportion of segregating sites *S*, but *ρ*~s~, *δ*, and *λ* also slightly affect it. This is because as the number of recombination events increases, the probability that a recombination edge reattaches itself higher up the clonal genealogy increases and that would increase the total branch length of local trees relative to the clonal genealogy.

![Relationship between model parameters and the summary statistics. For a given clonal genealogy (shown in [Figure S1](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-4.pdf)), the four model parameters were changed one at a time and the summary statistics were simulated. When unchanged, the parameters were *ρ*~s~ = 0.02, *δ* = 300, *λ* = 1.2, and *θ*~s~ = 0.05.](253fig3){#fig3}

It is important to note that the clonal genealogy has a large impact on the observed patterns of LD and homoplasy. To illustrate this, we performed the same sensitivity analysis as above but using a different clonal genealogy ([Figure S2](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-8.pdf)). The resulting relationships between model parameters and summary statistics are shown in [Figure S3](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-1.pdf). These relations are quantitatively the same as described above based on [Figure 3](#fig3){ref-type="fig"}, but the exact values differ significantly. It is therefore essential to account for the clonal genealogy as we do here to correctly interpret the values of the summary statistics. Having done this, there are strong relationships between model parameters and the summary statistics ([Figure 3](#fig3){ref-type="fig"}), which means that inference via ABC on the basis of these statistics should provide good statistical power to infer parameter values.

Application to simulated data sets {#s10}
----------------------------------

We first applied our inference methodology to a data set simulated under our model. Fifteen genomes of length 1,000,000 bp were simulated, based on the clonal genealogy shown in [Figure S4](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-6.pdf), and using the following parameters: *ρ*~s~ = 0.02, *δ* = 300, *λ* = 1.2, and *θ*~s~ = 0.05. [Figure S5](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-12.pdf) shows the LD and G4 plots for this data set. The LD *r*^2^ for these simulated data were (0.1970, 0.1605, 0.1339) for pairs of sites distant by (50, 200, 2000) bp, respectively. The proportions of G4 were (0.0242, 0.0613, 0.1002) for pairs of sites distant by the same respective amounts. The proportions of homoplasic and clade homoplasic sites were, respectively, (0.3067, 0.0931). Finally, the proportion of segregating sites was *S* = 0.1235.

We chose uniform priors for all model parameters in the following ranges: *ρ*~s~ ∈ \[0, 0.2\], *δ* ∈ \[0, 2000\], *λ* ∈ \[0, 10\], and *θ*~s~ ∈ \[0, 0.2\]. We ran a parallel ABC-MCMC chain of 300,000 iterations with the ABC threshold *ε* = 0.015 and the proposal density tuned so that the acceptance rate was 0.4%. The histograms in [Figure 4](#fig4){ref-type="fig"} show the marginal distribution of posterior samples for each of the four parameters. The posterior distribution of the recombination rate per site *ρ*~s~ had a mean of 0.020 with a 95% credibility interval (CI) = 0.012--0.028. The posterior of the mean recombination tract length *δ* had a mean of 309 with CI = 226--449. The posterior of the rate of bias of recombination *λ* had a mean of 1.18 with CI = 0.81--1.47. The posterior of the mutation rate *θ*~s~ had a mean of 0.050 with CI = 0.046--0.054. For each of the four parameters, the true value that was used for simulation was well within the 95% credibility interval and in each case close to the mean of the posterior distribution. Furthermore, [Figure 4](#fig4){ref-type="fig"} shows that the posterior distributions are much tighter than the prior distributions for each of the four parameters. This means that the summary statistics upon which inference is based carry significant information about the underlying values of the parameters, as had previously been suggested by the correlations between parameters and summary statistics in simulated data sets ([Figure 3](#fig3){ref-type="fig"}).

![Estimated marginal posterior densities of the parameters for the simulated data set. The values used in simulation are shown in green and are *ρ*~s~ = 0.02, *δ* = 300, *λ* = 1.2, and *θ*~s~ = 0.05. The red lines show the uniform prior densities used for the model parameters and the blue histograms show the marginal posterior densities estimated using ABC-MCMC.](253fig4){#fig4}

Running this inference procedure on a cluster of 12 Intel 3.33-GHz cores took ∼70 hr. The computing time of the inference procedure depends on the range of parameters being inferred as higher values of *ρ*~s~ and *δ* lead to slower simulations. As the inference procedure is time consuming, testing our model on hundreds of simulated data sets is not possible and we tested our algorithm on 11 additional simulated data sets with a range of parameters. We limited our parameter ranges to biologically meaningful values. The parameter ranges used are *ρ*~s~ = \[0, 0.07\], *δ* = \[0, 1000\], *λ* = \[0, 2\], and *θ*~s~ = \[0.02, 0.08\]. We used the clonal genealogy of [Figure S4](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-6.pdf) and used different parameter values to simulate 11 data sets, each made of 15 whole genomes of 1,000,000 bp. We then used our method to infer the parameter values for each of the 11 data sets. [Figure S6](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-5.pdf) and [Figure S7](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-10.pdf) show the marginal posterior density for each of the 11 data sets. For values of *ρ*~s~ or *δ* equal to zero, there are no recombination events. In such cases either *ρ*~s~ and *δ* can be close to zero while the other parameter and *λ* can change freely. In addition, extremely high values of *λ* lead to patterns similar to those of the scenario without recombination. Such instances are easily recognized as LD and G4 plots are straight lines and therefore could be excluded from further analysis. For all other reasonable values of *ρ*~s~, *δ*, *λ*, and *θ*~s~, the posterior ranges are much tighter than the prior ranges. This shows that our inference method works as expected and that inference is possible for a wide range of parameter values.

To assess the effect of inferring the clonal genealogy incorrectly, we performed two additional simulations. Given the clonal genealogy of [Figure S4](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-6.pdf), the distance matrix *l~i~*~,~*~j~* was computed between all pairs of leaves. A modified distance matrix was then computed by replacing each *l~i~*~,~*~j~* with a uniform draw from the interval \[0.75*l~i~*~,~*~j~*, 1.25*l~i~*~,~*~j~*\], and a modified tree was computed using Unweighted Pair Group Method with Arithmetic Mean (UPGMA) on the modified distance matrix. The two resulting genealogies are shown in [Figure S8](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-2.pdf), and these differ from the true clonal genealogy of [Figure S4](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-6.pdf) in both tree topology and branch lengths. These two incorrect genealogies were then used to infer the model parameters. The posterior marginal densities are shown in [Figure S9](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-9.pdf), indicating that that our model and inference procedure are robust to slight misspecification of the clonal genealogy. In both cases the true parameters used for simulation of data are well within the 95% credible interval of the posterior densities.

Application to *B. cereus* {#s11}
--------------------------

We applied our method to estimate recombination properties based on a core alignment of 13 whole genomes of *B. cereus*, including the first genome from this species to be fully sequenced ([@bib32]). These are the same data as previously analyzed by [@bib16], thus allowing comparisons between the two analyses to be drawn. This previous analysis was performed using the ClonalOrigin model, which does not account for the bias in recombination. Nevertheless, the posterior distribution of recombination events contained a clear excess of recombination between close relatives (*cf*. [Figure 5](#fig5){ref-type="fig"} of [@bib16]).

[Figure S10](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-3.pdf) shows the clonal genealogy of the data that was estimated by [@bib16], using ClonalFrame ([@bib11]). A unique tree topology with little uncertainty in the branch lengths was reconstructed. [Figure 2](#fig2){ref-type="fig"} shows the LD and G4 plots for this data set. Three points on the plots were selected to be used as summary statistics, with distance between the pairs of sites at 50, 200, and 2000 bp. The mean *r*^2^ and G4 for pairs of sites at these distances were, respectively, (0.2738, 0.2493, 0.2270) and (0.0679, 0.0808, 0.0932); the proportion of segregating sites in this data set was *S* = 0.174; and the proportions of homoplasic and clade homoplasic sites were, respectively, 0.29 and 0.15.

We chose uniform priors for all model parameters in the ranges *ρ*~s~ ∈ \[0, 0.2\], *δ* ∈ \[0, 2000\], *λ* ∈ \[0, 4\], and *θ~s~* ∈ \[0, 0.2\]. Several independent ABC-MCMC chains were run with similar results. The histograms on [Figure 5](#fig5){ref-type="fig"} show the marginal posterior densities for the estimated parameters. The posterior mean for the recombination rate *ρ*~s~ was 0.077 with CI = 0.036--0.127. The posterior mean of the recombination tract length *δ* was 152 bp with CI = 74--279. The posterior mean of the rate of bias in recombination *λ* was estimated to be 1.32 with CI = 0.812--1.788. The posterior mean of the mutation rate *θ*~s~ was 0.0528 with CI = 0.0437--0.0640. The estimates of *θ*~s~ and *δ* were in agreement with previous estimates \[median of *θ*~s~ = 0.0438 and *δ* = 236 ([@bib16])\]. However, this previous analysis estimated that recombination was significantly less frequent \[*ρ*~s~ = 0.017 ([@bib16])\]. In this previous study, the recombination rate was probably underestimated as a result of not accounting for the bias in recombination. In a model with biased recombination, a larger fraction of recombination events are between close relatives and therefore have little effect and would tend to go undetected by methods that do not account for it. The relative impact of recombination to mutation *r*/*m* ([@bib26]; [@bib54]) was estimated using Equations 10 and 11. *r*/*m* had a mean of 3.4 with CI = 1.6--6.7 ([Figure S11](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-7.pdf)). This is slightly higher than the previous estimate from ClonalFrame \[mean of *r*/*m* = 2.41 ([@bib16])\].

![Posterior distributions of model parameters for the *B. cereus* data set. The histograms show the marginal posterior distributions of each parameter whereas the scatter plots show their joint posterior distributions.](253fig5){#fig5}

The posterior distributions of the four model parameters were significantly correlated as shown by the scatter plots in [Figure 5](#fig5){ref-type="fig"}. *θ*~s~ had moderate levels of negative correlation with *ρ*~s~ (Pearson's linear correlation coefficient, *r* = −0.26, *P* = 1.3 × 10^−16^), *δ* (*r* = −0.12, *P* = 2.5 × 10^−4^), and *λ* (*r* = −0.16, *P* = 3.5 × 10^−7^). The strongest associations, however, were the positive correlation of *ρ*~s~ with *λ* (*r* = 0.83, *P* = 2.0 × 10^−253^) and *δ* with *λ* (*r* = 0.75, *P* = 1.3 × 10^−178^). *ρ*~s~ and *δ* were also slightly correlated (*r* = 0.34, *P* = 3.2 × 10^−29^). Since higher values of *λ* translate into a higher bias in recombination (where recombination occurs between more similar isolates) and therefore a smaller effect of recombination, it is logical that there is to some extent a trade-off between smaller *ρ*~s~ and *λ* on one hand (meaning less recombination with more effect per recombination) and higher *ρ*~s~ and *λ* on the other hand (meaning more recombination with less effect per recombination). Likewise, higher values of *δ* indicate larger recombination events and therefore a higher effect per event, which explains the trade-off between *λ* and *δ*.

To test the fit of our model with biased recombination to the observed data, we considered the posterior predictive distribution of three additional summary statistics, *i.e.*, their distribution when parameters are drawn from the posterior sample ([@bib25]). These summary statistics had not been used in inference, but were similar in principle to the clade homoplasy statistic previously defined. The *B. cereus* clonal genealogy was divided into four distinct clades. One of these clades had a single member, which was ignored. We measured the amount of clade homoplasy between the other three clades and used them as posterior predictive summary statistics. This Bayesian model criticism approach has been used in several previous ABC studies ([@bib52]; [@bib44]). We found that the observed values of the three summary statistics were contained within the boundaries of the posterior predictive distributions ([Figure S12](http://www.genetics.org/lookup/suppl/doi:10.1534/genetics.113.157172/-/DC1/genetics.113.157172-13.pdf)). Our model with biased recombination is therefore able to reproduce the observed summary statistics and represents a good fit to the data.

Comparison with experimental studies {#s12}
------------------------------------

Several experimental studies have demonstrated a log-linear relationship between sequence divergence and frequency of recombination ([@bib48]; [@bib62]; [@bib55]; [@bib35]). These results are summarized in [Figure 1A](#fig1){ref-type="fig"} of [@bib23], which shows that different bacterial species have a similar log-linear relationship, with a coefficient of ∼20. To compare our results on biased recombination to these previous experimental studies, we need to compute the relative rate of recombination between two isolates as a function of their homology. Since this equates to considering recombination between two cells living at the same time, the first part of Equation 3 is equal to one and the probability of recombination is proportional to exp(−*λD*), where *D* is the distance between the donor and the recipient cells in a coalescent unit of time. The expected amount of sequence divergence per site *π* between two genomes separated by a branch of length *D* is *π* = *θ*~s~*D*/2, which implies that *D* = 2*π*/*θ*~s~, and therefore we obtain that the rate of recombination between two cells is proportional to exp(−2*λπ*/*θ*~s~). The frequency of recombination has therefore a log-linear relationship with sequence divergence in our biased recombination model, with a coefficient (measured on a log of base 10 as in previous studies) of 2*λ*/(*θ*~s~ln(10)). In the case of the *B. cereus* application above, this coefficient had a mean of 22.1 with CI = 12.5--32.0. Our estimate for the rate of bias in recombination is therefore slightly higher than the rate of homology dependency of recombination that was found in previous experimental studies.

Discussion {#s13}
==========

Linkage disequilibrium, G4, and homoplasy are often interpreted informally as evidence of recombination. We have introduced a flexible statistical framework to interpret the values of these statistics calculated from whole bacterial genomes. Our underlying model is based on an approximation to the coalescent with gene conversion ([@bib16]), which has the advantage of being sequentially Markovian along the genomes. This allows us to simulate patterns of LD and G4 through sampling of many pairs of sites at given distances, which takes only a small fraction of the computational power that would be needed to simulate large segments of DNA. Approximate Bayesian computation ([@bib47]; [@bib3]) was used to perform inference under this bacterial population genomic model. This approach offers great flexibility to implement extensions of the model like the one we presented in Equation 3 to account for the biased recombination, simply by modifying the way simulation is performed without the need to compute a new likelihood function. We applied our method to simulated data sets and a real data set consisting of 13 whole genomes of *B. cereus*. We showed that these data contain evidence that the recombination process depends on the evolutionary distance between donors and recipients and measured the strength of this relationship. Our model is robust to slight misspecification of the clonal genealogy, but gross inaccuracies would lead to misleading results.

Evidence for a higher rate of recombination within than between the three major clades of *B. cereus* was first presented using multilocus sequence typing data, by searching for the most likely origin of ClonalFrame recombination segments ([@bib14]). This approach was also applied to genomic data from *Salmonella enterica*, and more recombination was found within five lineages than between them ([@bib17]). However, this method is not very powerful, because ClonalFrame does not look for potential donors of the recombination events and therefore is better able to detect recombination coming from farther away ([@bib11]). A better approach is the one implemented in ClonalOrigin ([@bib16]), where the source of recombined fragments is inferred jointly with the recombination events rather than relying on a postprocessing step. By comparison of the number of recombination events observed between pairs of branches and expected under the prior model, recombination was found to happen more often between members of the same *B. cereus* clades ([@bib16]). Similar results have been obtained using the same technique in other organisms, such as *Sulfolobus islandicus* ([@bib6]) and *Escherichia coli* ([@bib18]). However, this is still not fully satisfactory from a statistical point of view, since the analysis is done using a prior model where recombination does not depend on evolutionary distance, which is proved to be incorrect by the posterior distribution of events. For this reason, this approach does not allow us to estimate the strength of bias in recombination, since the posterior depends on both the prior (where this parameter is zero) and the observed data (which contain evidence that this parameter is nonzero). The best statistical approach is therefore the one we presented here, where the model explicitly incorporates this important parameter, so that we can use Bayesian statistics to formally estimate its value.

We estimated the coefficient for the log-linear relationship between recombination rate and the effective sequence divergence to be ∼22 in *B. cereus*. This is slightly higher than previous estimates based on laboratory experiments, which were ∼20 ([@bib23]). This higher coefficient could be due to the fact that laboratory experiments measure the rate of recombination between two bacteria only when they are brought into contact, whereas there are factors in nature, such as geographical or ecological structuring of the population, that would increase the sexual isolation between distantly related bacteria ([@bib34]; [@bib12]). Yet this coefficient is far lower than the value of 300 predicted by population genetics models to be required for recombination to be on one hand a strong cohesive force between highly homologous bacteria and on the other hand very rare between diverged bacteria, thus resulting in clusters of diversity that could be considered to represent separate species ([@bib20]; [@bib28]; [@bib23], [@bib24]; [@bib1]). To test this hypothesis further, we used a Monte Carlo simulation to see the effect of the next evolutionary events likely to happen to any one of the *B. cereus* genomes in our data set. We found that for all except the most closely related pairs of genomes, future recombination events would result in convergence, *i.e.*, a reduction of the genetic distance ([Figure 6](#fig6){ref-type="fig"}, bottom). However, we also found that mutation would increase the genetic distance between any pair of genomes at a much higher rate than recombination would reduce it ([Figure 6](#fig6){ref-type="fig"}, top). We therefore conclude that all pairs of genomes are likely to diverge in the near future, since the convergence effect of recombination will not be sufficient to compensate for the divergence effect of mutation. Convergence via recombination is likely to be restricted to rare situations where strong selective or ecological factors are involved, such as found in the convergence of *S. enterica* serovars Typhi and Paratyphi A ([@bib13]) or the convergence of *Campylobacter jejuni* and *coli* ([@bib49]).

![Prediction of the future effect of mutation and recombination on the genetic distance between pairs of *B. cereus* genomes. The heat map at the top indicates the rate at which mutation will increase the distance between all pairs of genomes (*i.e.*, pairwise divergence). The heat map at the bottom indicates the rate at which recombination will decrease these same distances (*i.e.*, pairwise convergence). For closely related isolates, recombination leads to divergence, which is shown as zero convergence. The rate at which mutation causes divergence is an order of magnitude higher than the rate at which recombination leads to convergence. Thus in these isolates, the overall short-term impact of recombination and mutation is divergence of the isolates.](253fig6){#fig6}
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